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Abstract  Socio-epistemic networks are an analytical and methodological 
framework that has been developed to explore the interplay of the social, ma-
terial and semantic dimensions of the structural changes in knowledge systems 
by using the concepts and tools of network science. This framework is suited to 
analyzing the development of scientific fields throughout the 20th century, which 
traditionally presents several challenges: the scales of change are often gradual; 
the definitions and boundaries of these fields are typically constructed retro-
spectively; and the perspectives on the structure of a field at any given time can 
vary significantly among key actors. Additionally, traditional scientometric tech-
niques used for historical analysis have major limitations, as they often rely on 
presentist assumptions regarding the metadata format of available online pub-
lications repositories.

In this methodological contribution, we aim to overcome these limitations 
by proposing a workflow that uses temporal co-citation clustering of publica-
tion corpora. This workflow is part of an iterative process involving cooperation 
between digital humanists and historical domain experts. The goal is to extract 
meaningful, temporally extended clusters of publications that represent evolv-
ing scientific fields. We utilize the Leiden community detection algorithm to de-
lineate these clusters. For the time scales of evolution of each retrieved cluster, 
further analytical steps are conducted to examine the temporal shifts in central-
ity measures of specific institutions or actors in the field, thereby revealing their 
changing roles within the research field. The approach is exemplified through a 
case study on the evolution of astrophysics and related research fields, and the 
role that the Max Planck Society played in these dynamics.
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Introduction

The quantitative study of the development of scientific fields throughout the 
20th century usually relies on metadata retrieved from online platforms. These 
data are collected by third-party institutions, often for-profit companies, with 
their own collection logic, which does not have historical research as its primary 
scope.1 As a consequence, they offer ahistorical views based on contemporary 
categorizations of research that might not necessarily apply to the past.2 In some 
cases, the categorization is based solely on the venues in which specific articles 
are published, providing little granularity and precision in the identification of 
scientific fields.3 Some historical analyses address these challenges by analyzing 
a preselection of specific journals or scientific organizations.4 Other researchers 
start with a keyword search to define the corpus related to a research field.5 These 
approaches, however, necessitate either a foundational knowledge of the field’s 
evolution from the outset of the analysis, or limit the validity of the findings to 
specific sectors within the field.

To overcome these limitations in the historical analysis of recent science, in 
this methodological contribution we introduce a workflow that makes use of only 
the reference information included in publication records, and iteratively creates 
and analyzes sub-corpora in relation to a given research question. Our approach 
is based on the idea that clustering analysis of co-citation networks represents re-
search fields and their developments over time. While the analysis of co-citation 
networks as representations of research fields is widely employed,6 its application 
for historical analysis is much less developed. These studies typically compare 
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clusters of co-cited papers in different periods, based on the publication years of 
the citing papers. Even in more elaborate approaches that differentiate between 
intellectual bases (cited papers) and research fronts (citing papers), like those 
implemented in the software Citespace,7 researchers can only retrieve clusters 
limited by the specific fragmentation of the historical period selected at the start 
of the analysis.

Our proposed methodology makes use of the Leiden community detection al-
gorithm8 to disentangle scientific fields from large corpora and explore their evo-
lution over a long period of time, with no preliminary decision for restricting the 
corpus at the beginning of the analysis. This paper presents a detailed description 
of the workflow implementing this methodology for a specific case study of his-
torical research.

In the following subsections of the introduction, we first briefly illustrate the 
framework of socio-epistemic networks, which constitutes the conceptual back-
ground of the analysis. Subsequently, we discuss different analytic approaches 
that become possible within this framework, including a reflection on the con-
cepts of temporality that underlie different approaches. We then illustrate the 
chosen case study on the evolution of astrophysics and astronomy, concluding 
with a brief description of the publication dataset chosen to investigate this case 
study.

Conceptual framework: Socio-epistemic networks

The conceptual framework for this contribution originates in research under-
taken by Jürgen Renn and his colleagues at Dept. I of the Max Planck Institute for 
the History of Science. Renn and his colleagues define knowledge as a “codified 
experience” with the “potential for problem-solving.”9 This codification can be in-
terpreted as the interplay of social, material and cognitive structures of knowl-
edge production and circulation, as all activities related to knowledge production 
must be performed by a group of actors. Examples include agreeing on a sign sys-
tem or an institutional form of social interactions, as well as the production of 
material realizations of knowledge, such as scientific publications or technical 
instruments. Knowledge is therefore seen as a dynamic and multi-faceted proc-
ess with three main interlinked dimensions of analysis: social, material and se-
mantic.

7	 Chen and Song 2018.
8	 Traag et al. 2019.
9	 Renn et al. 2016, pp. 35–79, 37 (translation ours).

https://doi.org/10.25517/jhnr.v12i1.109
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This three-part categorization of knowledge evolution, called socio-episte-
mic networks, inspired the project Modeling Socio-Epistemic Networks (Model
SEN)10 funded by the Bundesministerium für Bildung und Forschung-BMBF 
(Grant No. 01 UG2131). The project aims to develop methods and routines for 
applying the concepts and tools of network theory to the investigation of the 
historical developments of knowledge systems.11 The project is based on the fun-
damental assumption that knowledge development can be modeled as a multi-
layered, evolving network of social, material, and semantic nodes connected by 
various types of edges.12 Although each layer of the socio-epistemic networks de-
pends on distinct data sources and requires specific routines for creating nodes 
and edges, they are not strictly separable.

An example of such a multilayered structure is the set of publications of a 
chosen scientific research institution. Each paper is a material representation of 
knowledge, created by its authors, who use specific language to convey semantic 
concepts. Authors are connected to other authors by social connections, e.g., by 
their co-authorship of a paper, retrievable in the publication data. Authors are 
connected to the publications they have written. Publications can also be con-
nected in different ways, e.g., by appearing in the same special issue, or by being 
co-cited together at a later point in time. The groups of words employed in the 
publication, or “n-grams”, are connected to the publication itself, but also to each 
other, e.g., by a similarity measure.13

Levels of analysis

The proposed multi-layered analysis allows the exploration of a chosen publica-
tion dataset at different scales. By creating and analyzing socio-epistemic net-
works of large corpora, researchers can uncover large-scale structures of past 
dynamics, that is, a macroscopic view of research fields’ development. To this 
macroscopic view, a more microscopic view can be added. This might focus, for 
instance, on the position and role of a single institution within the socio-episte-
mic network, addressing specific questions such as the effectiveness of its fund-
ing structure on scientific output or the development of external collaborations 
by that institution.

In addition to considering different scales, the modeling of socio-epistemic 
networks must also take into account the varying perspectives on temporality 

10	 https://modelsen.gea.mpg.de (last viewed June 6th, 2024).
11	 For applications of this approach to the history of general relativity, see Lalli et al 2020a; 

Lalli et al 2020b.
12	 Kaye et al. 2024.
13	 Bizzoni et al 2021.
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that can be employed. Analyzing the structure of a given corpus often reflects a 
‘post-facto’ perspective on the past, which can potentially obscure the complex 
motivations behind knowledge creation. A more granular view may reveal poten-
tial cause-and-effect relationships, such as the impact of governmental funding 
decisions on scientific outputs for, e.g., a single country or scientific institution. 
An analysis of cause-and-effect relationships must consider additional source 
material, e.g., meeting protocols of science funding organizations, which makes 
an automated analysis much more challenging. On an even more detailed level, 
each researcher generates knowledge within a personal temporal frame, having 
access to only a fragment of past knowledge and lacking foresight into the future 
relevance of their work. The effect of such personal temporalities on the devel-
opment of scientific thought (and thus publications) could, for example, be un-
covered by studying personal notebooks of researchers. However, such corpora 
are most likely preserved only for more famous scientists and in hand-written 
form. An analysis of the evolution of scientific thought at this level of granular-
ity aligns more closely with traditional historical methodology than with quanti-
tative analysis.

In this contribution, we demonstrate how the proposed methodology can ad-
dress the various scales and temporal dimensions of the material layers of knowl-
edge evolution by applying it to a case study on the history of astrophysics and 
astronomy, which emerged within the framework of a different historical project.

Case study: The role of the Max Planck Society in the development 
of astrophysical and astronomical sciences

The Research Program on the History of the Max Planck Society (GMPG)14 has 
investigated the multiple facets of research at the Max Planck Society for the Ad-
vancement of Science (MPG, after its German name) from the perspectives of 
contemporary political, social and economic history, as well as of the history of 
science.15 The MPG is one of the main German research institutions officially ded-
icated to promoting and pursuing frontier investigations in basic sciences. The 
timeframe of the GPMG project goes from 1948 – when the MPG acquired its cur-
rent name within the post-World War II reconfiguration of basic research in what 
was to become West Germany – through to 2004. In this period, about 100 MPG 
institutes have operated in different research domains, spanning the humanities 
and social sciences as well as, more extensively, STEM disciplinary domains. In 
order to deal with such a vastity of research activities spanning almost sixty years, 
the project has elaborated an analytical framework that captures the research 
structure of the MPG, grouping together various researchers and institutes. This 

14	 https://gmpg.mpiwg-berlin.mpg.de (last viewed June 6th, 2024).
15	 Renn et al., (ed.), 2024.

https://doi.org/10.25517/jhnr.v12i1.109
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key analytical framework posits that clusters of research fields emerged within 
the MPG, shaping future developments of its research portfolio. These clusters 
are characterized by networks of scientists who are connected either by work-
ing in related disciplinary areas, or by utilizing similar scientific tools, or again by 
participating in the same self-governance structures within the MPG.16

Using this approach, the fields of astrophysics, astronomy, cosmology and 
space sciences have emerged as an especially large and influential cluster within 
the MPG. We shall call this the astro cluster for short. Bonolis and Leon have 
investigated the development of this cluster within the MPG by making use of 
the traditional hermeneutics of historical research.17 In their extensive work, the 
authors have both provided a periodization of research in all sciences related to 
the astro cluster and identified the major trends and roles characterizing research 
in these fields of MPG institutes.

To evaluate the evolution of this cluster from a more quantitative perspec-
tive, additional research has been conducted within the ModelSEN project. The 
primary goals were to quantitatively map the development of research areas re-
lated to the astro cluster within the global publication landscape from 1948 to 
2004 – the timespan of the GMPG project – and to investigate the specific role 
and influence of the MPG in this global context. In what follows we describe the 
step-by-step workflow developed to accomplish this task, serving as an example 
of a general methodology aimed at analyzing the development of scientific fields 
in the 20th century.

The dataset: Astrophysics Data System

To pursue our quantitative analysis of sciences related to the astro cluster, we 
chose the database operated by the Smithsonian Astrophysical Observatory 
(SAO), called SAO/NASA Astrophysics Data System (hereafter ADS).18 While 
the ADS is a digital library portal specifically dedicated to researchers working 
in fields related to the above-mentioned astro cluster, it contains publications 
in “astronomy and astrophysics, physics, and general science,” thereby consid-
erably broadening the scope of the repository.19 During the initial exploration of 
the ADS corpus, we confirmed that the database contains many more papers than 
initially expected on disciplines unrelated to the astro cluster. Not only are there 
many publications dealing with physical sciences in general, such as solid-state 
or particle physics, which could, in principle, albeit loosely, be related to the astro 

16	 Reinhardt 2024, p. 224.
17	 Bonolis and Leon 2022. See also, Bonolis and Leon 2020, pp. 285–361.
18	 https://ui.adsabs.harvard.edu/ (last viewed June 4th, 2024).
19	 https://ui.adsabs.harvard.edu/about/ (last viewed June 13th, 2024).
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cluster, but it also indexes publications clearly out of scope of our research focus 
(e.g., publications in behavioral or educational sciences).

Since the ADS does not provide any research field classifications of the corpus, 
an iterative workflow to disentangle the different research fields contained in the 
corpus was developed. In the next section, we present the workflow for data ac-
cess and preparation.

Data access and preparation

The ADS search engine permits specific queries for author, year, etc. However, 
for the scientometric analysis undertaken in the project a copy was created using 
SOLR on local servers to allow faster access. This copy was created based on an 
ADS data snapshot from August 2021; later corrections on the live dataset are 
therefore not reflected in this analysis. To cover the research period, a query was 
made to the local SOLR endpoint for each time range using the pysolr package 
and each result set was loaded as a Pandas DataFrame. In what follows we de-
scribe the workflow for the creation of yearly co-citation graphs and for the ex-
ploration of the datasets and co-citation networks.

Extrapolation and analysis of institutions’ data

To evaluate the involvement of the MPG and compare it with other leading re-
search institutions, three regular expressions were compiled to identify and ex-
tract affiliation data for three major organizations with significant programs 
in the astro cluster research fields: the MPG, the University of California Sys-
tem (UCS), and Harvard. After checking the DataFrame affiliations entries for 
matches, the temporal evolution of the publication counts for these institutions 
was plotted in relation to the overall publication output for each year from 1950 to 
2004 (Fig. 1). This timeframe slightly differs from the above-mentioned research 
period of the GMPG project, since publication records before 1950 did not consis-
tently contain affiliation data of the MPG. The publication trends of the broader 
UCS universities closely mirrored the overall publication dynamics, whereas the 
MPG exhibited a more distinct behavior. Prior to 1970, the publication output of 
the MPG was comparable to that of Harvard. However, post-1970, the dynamics 
of the two institutions diverged, potentially due to the increased number of Max 
Planck Institutes. Such metadata on institutional involvement will be utilized in 
a subsequent analytical step.

The resulting datasets for each year between 1950 and 2004 were saved in 
JSON file format to preserve the list structure of the references of a publication.

https://doi.org/10.25517/jhnr.v12i1.109
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Creating co-citation edges

In the subsequent preparatory step, for each publication entry within the entire 
1950–2004 ADS corpus in each year’s DataFrame a weighted list of co-citation 
edges was written to an edge file. For a given year, all co-citation edges were col-
lected and counted for repeating pairs of referenced publications. This creates 
the weight of the co-citation edges. This process is computationally intensive, 
particularly for papers with a large number of references, such as review articles. 
For instance, a single paper with 100 references can result in approximately 4,900 
co-citation edges. Throughout the entire timespan of our corpus, the proportion 
of extensively referenced papers – which we consider as publications with more 
than 100 references – ranges between 0.1 % and 0.3 % of the total corpus. Such 
a small fraction could justify their exclusion from the study to make the analysis 
feasible. However, by employing parallelization strategies on a large workstation, 
we were eventually able to include all publications in the co-citation edge crea-
tion process.

Using the Python package igraph, a yearly graph was created from this list of 
edges, and the giant component (GC) for that year was calculated and saved in 
Pajek format. Moreover, the number of nodes and edges of the GC were compared 

Fig. 1  Publications by the MPG (blue), the University of California System uni-
versities (UCS) (green), and Harvard University (red) compared to the overall 
publication number in the ADS corpus, 1950–2004. The total number of pub-
lications in the ADS and the number of publications by institutions are plotted 
on two different scales on the y-axes.

https://doi.org/10.25517/jhnr.v12i1.109


Malte Vogl/Roberto Lalli20

eISSN: 2535-8863
DOI: 10.25517/jhnr.v12i1.109

Journal of Historical Network Research
No. 12  •  2025  •  13 – 36

to the total number of nodes and edges of each yearly graph (Fig. 2). The dia-
gram shows that the number of cited publications increased by nearly two orders 
of magnitude between 1950 and 2000. Fig. 2 also illustrates that the percentage 
of the nodes in the GC relative to the total number of nodes steadily increased 
over the years, showing two different regimes before and after 1970. By contrast, 
the vast majority of edges in the yearly graphs of co-citation networks belonged to 
the GC throughout the entire period, with the percentage exceeding 97 % shortly 
after 1950.

The last exploratory step was to compare the time difference from the source 
of a co-citation pair to its references, as two co-cited publications might be from 
vastly different years in the past as seen from the citing publication. To do so, 
we can make use of the ID structure of ADS publications, where each unique ID 
starts with the publication’s year. For a given pair of co-cited publications, we ex-
tract the source and target paper of the edge and multiply each with the weight 
of that edge. We then count in each year the weighted number of all referenced 
years and normalize that number by the total number of references found. To 
enable a comparison across different years of co-citation, we can calculate the 

Fig. 2  The number of nodes (solid blue) and edges (dotted blue) as well as the 
percentage of nodes (solid red) and edges (dotted red) within the giant compo-
nent (GC), compared to the total nodes and edges for each year. Note the use of 
two different y-axes, with values displayed on a logarithmic scale.

https://doi.org/10.25517/jhnr.v12i1.109
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relative temporal difference between referencing year and referenced year. For 
example, if a paper published in 1960 cites two publications from 1957 and 1955, 
it will give rise to references with ages of 3 and 5 years, respectively. Fig. 3 shows 
the temporal evolution of these relations for a range of years of the citing papers 
between 1955 and 2000. The logarithmic scale of the y-axis shows the exponen-
tial ‘forgetting’ of older publications as seen by citation patterns. This feature ap-
pears relatively stable for the past 50 years, only disrupted by major events like 
the Second World War, visible as a dip in the graph, e.g., with a 10-year difference 
for the 1955 graph (solid blue line), corresponding to an increased level of forget-
ting older research.

The co-citation networks created consist of millions of edges and a number 
of nodes between ten and a hundred thousand, even when the analysis is lim-
ited to their giant component parts. Attempts at visualizing such large networks, 
even for a single year, result in nothing more than ‘fuzzy hairballs’. A comparison 
across several years thus necessitates a structural analysis, which will be pres-
ented in the following.

Fig. 3  Percentage of relative age of references in relation to the year of the citing 
publications in ADS for the years 1955, 1960, 1970, 1980, 1990, and 2000. The 
diagrams show the percentage difference between the years of the source (the 
citing publication) and the target (the cited publication) for references co-cited 
at least once, i.e. only considering sources with at least two references.

https://doi.org/10.25517/jhnr.v12i1.109
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Temporal clustering of citation networks

While the clustering of networks is a well-researched problem,20 the analysis of 
clusters in longitudinal networks is a relatively new research field, as is the anal-
ysis of clusters in multilayer networks. For the workflow of cleaning the ADS cor-
pus and finding the research fields contained within, we made use of the package 
leidenalg by Vincent Traag.21 We then used the basic idea of Mucha et al. to con-
sider time as an additional layer in the network and create inter-layer edges be-
tween adjacent year layers.22 For the nodes, i.e., the co-cited publications, the 
edges between year layers are created between nodes that share the same identifi-
cation (e.g., the same DOI). The hierarchical clustering algorithm then iteratively 
uses a quality function to determine whether a node should be part of a cluster or 
not until an optimal solution of clusters is determined. This process can be either 
limited by a given number of iterations to run, or be set to stop after new itera-
tions lead to no changes in the mapping between nodes and clusters.

The quality function Constant-Potts-Model was chosen for this analysis since 
it is well defined for weighted graphs and allows finding communities of differ-
ent sizes, depending on the chosen parameters.23 Its mathematical structure is 
given by

where mc is the number of internal edges in cluster c, nc is the number of nodes 
in cluster c and γ is the resolution parameter.24 The key parameter here is the res-
olution parameter γ, which determines the internal density of the found clusters. 
Any found cluster needs to have a density at least as high as the resolution param-
eter. The density between two different clusters needs to be lower than the resolu-
tion parameter. This also allows fine-tuning the retrieved clusters to the research 
question at hand. For higher resolutions, one might find clusters of publications 
for a group of institutes, but which neglects larger scale structures. For finer reso-
lutions, larger scale structures emerge at the cost of smoothing out the finer col-
laboration pattern.

An exploratory initial phase was required to find a suitable parameter set for 
the clustering in relation to the historical research question. This can require a 
large amount of computing time, depending on the source dataset. For the GC of 
the co-citation network derived from the ADS dataset spanning 1950 to 2004, the 

20	 Lancichinetti and Fortunato 2009.
21	 Traag et al. 2024.
22	 Mucha et al. 2010.
23	 Traag et al 2011.
24	 See e.g., the leidenalg Documentation for details (last viewed June 4th, 2024).
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number of nodes totals 12 million, with 430 million edges. These values have to 
be retained in memory to allow the optimization algorithm of the leidenalg pack-
age to find the optimal solution. Running this on a top-of-the-range worksta-
tion required more than 400 GB of RAM and eight hours of computing time for 
a single parameter set. The result of a parameter sweep is shown in Fig. 4, where 
the resolution parameter was varied; the resulting number and size of clusters is 
shown.

Depending on the chosen resolution parameter, the retrieved clusters reflect 
different types of scientific research field structures. These can consist of publica-
tions belonging to cooperating institutions for clusters with around 5,000 pub-
lications or less, publications related to a specific innovation in a sub-field, e.g., 
a new type of laser diode, with more than 10,000 publications, or correspond to 
full (sub-)disciplines, e.g., earth-system science with more than 100,000 pub-
lications.

Once a useful set of resulting clusters is retrieved, they are analyzed for inter-
nal coherence with respect to aspects such as their scientific field, employed in-
strumentation or authorship. The parameters employed in the current workflow 
are listed in Table 1.

Fig. 4  The relation between resolution parameters and the number and size 
of retrieved clusters of the co-citation network based on the ADS dataset from 
1950 to 2004. The resolution parameter varies from 1 * 10−7 to 9 * 10−7. Increas-
ing the resolution leads to finding more mid-sized and small clusters (darker 
color), while keeping the main large cluster (light upper symbols) stable.

https://doi.org/10.25517/jhnr.v12i1.109
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The clustering routine adheres closely to the guidelines provided by the author 
of the Leiden algorithm for clustering in multiplex networks.25 The graphs are 
loaded into a dictionary and a convenience routine is used to create layers and 
interslice layers. The clustering quality function is initialized for each layer 
and interslice layer. After running the optimization routines, the optimal sub-
graph partition is returned.

The result of this iteration step is achieved by converting the internal slice no-
tation back to the corresponding year for each time slice. The output of this iter-
ation step is a ledger that includes information about the publication ID, the year 
it was cited, and the cluster identifier for that year. The same publication can re-
occur as part of a co-citation cluster in later years, which can be interpreted as the 
permanence of a core publication related to the scientific identity of the cluster. 
Another possibility is the substitution of one publication by another, while keep-
ing the cluster identity stable, which can be interpreted as an update of the core 
papers that constitute the cluster.

All these processes must be noted in the resulting dataset, leading to a rather 
large set of about 12 million entries. To get a first impression of such a large da-
taset for historical interpretations, the workflow allows the creation of stream-
graphs. Here, the number of nodes in each cluster is calculated for each year. 
Subsequently, the values for each cluster are stacked and plotted, with each cluster 
assigned a fixed color. To get an impression of the temporal evolution of this data, 
the y-axis is removed and values are grouped around a central abstract y-value.

Figure 5 shows the visualization of a streamgraph of the cluster sizes over the 
period of our historical research obtained by using the altair software.26 It ap-
pears that while a few clusters cover the full period, others emerge only in later 
periods. By interpreting clusters of co-cited papers as research fields, the analysis 
suggests that new scientific fields emerged both around 1970 and around 1990, 
and that these grew in the following period to such an extent that they came to 
occupy a large fraction of the entire network at the end of the period of our analy-

25	 See section on temporal community detection in the leidenalg multiplex docs. (last 
viewed June 4th, 2024).

26	 Vanderplas et al. 2024.

Resolution parameter (iteration 1 & 2) 3 * 10−6

Interlayer coupling 0.3

minClusterSize 6000

Tab. 1  Workflow parameters to reproduce Fig. 7
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sis. An analysis of the clusters’ content will be presented in the following section, 
but it can be anticipated that the temporal effects visualized in the streamgraph 
appear to represent recognizable historical processes.

Until this point of the description of the workflow, the clustering only made 
use of information contained in the co-citation patterns. Such information is not 
readily applicable to historical enquiries. An additional step is necessary to con-
nect structural information with the actual scientific content.

Reports of the clusters’ content

The next step of the workflow consists of an analysis of the retrieved clusters to 
ascertain their scientific meaning. To do so, the metadata on affiliations, authors 
and titles of the publications in the ADS database are considered. For each cluster 
with a size greater than a chosen threshold, called minClusterSize (see Table 1), 
the available data are collected and presented as a report (see Fig. 6), which is 
then analyzed by the historian of the cooperating group. This report of the cluster 
contains the following pieces of information: its size, i.e., the number of nodes; 
the top 20 authors and affiliations, i.e., the 20 scientists and institution names 
that appear most often in the metadata of the cluster’s publications; and, cru-

Fig. 5  The streamgraph of the cluster sizes per year of the co-citation network 
of the ADS corpus after the first iteration. The data for this figure was selected 
for clusters with more than 600 publications, leading to more than 30 clusters.
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year

0

10

20

30

cluster

https://doi.org/10.25517/jhnr.v12i1.109


Malte Vogl/Roberto Lalli26

eISSN: 2535-8863
DOI: 10.25517/jhnr.v12i1.109

Journal of Historical Network Research
No. 12  •  2025  •  13 – 36

cially, the timespan of the cluster, defined as the oldest and most recent edge of 
the co-cited paper included in the cluster, which is the year of publication of the 
citing paper. It should be noted that metadata collection can only make use of 
the ADS data already gathered. In the case of co-cited publications that are not 
themselves indexed in ADS, we cannot retrieve information about the authors 
and their affiliations. To get an understanding of the availability of the metadata 
sets, the report also contains the number of documents for which metadata was 
found and the number of publications that had no metadata.

A topic modeling algorithm is employed based on the title data of the cluster’s 
publications. Using the textacy package27 and the Nonnegative Matrix Factor-
ization (NMF) algorithm,28 the analysis considers words which are in at least two 
documents but are not present in more than 95 % of the corpus. Since this topic 

27	 DeWilde et al. 2024.
28	 Févotte and Idier 2011.

Fig. 6  Example of a report for a cluster of the co-citation networks built on the 
ADS datasets (1950–2004)
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modeling step would again be time-consuming for the complete cluster corpora, 
the workflow creates a sample corpus of 1 % of the given titles for each cluster. 
Based on this sampled corpus data, the topic modeling is run for first 15 and 
then 50 topics, to compare the effect of the number of topics on the quality of 
the topics retrieved. The algorithm returns a listing of the topics with the top 
20 words describing the content of each topic.

Based on these reports, one of us (RL) selected clusters of papers which do 
not fit the scope of the research question, as they show no relation to the themes 
of astrophysics, astronomy, cosmology or space science. These included, for ex-
ample, clearly identifiable large clusters of research fields like solid state physics, 
quantum optics, superconducting physics and earth-system science. This selec-
tion is then used to create an exclusion list, which is considered during the next 
iteration of the workflow.

Historical interpretation of temporal clusters

The remaining clusters, which were considered as potentially part of the astro 
cluster, were manually tagged with labels corresponding to the found authors, 
institutions and topics. The selected clusters can then be again represented as 
a streamgraph, this time with meaningful cluster names (see Fig. 7). A tenta-
tive historical interpretation of the macroscopic view represented in the stream-
graph could then be produced. At this stage, the historical interpretation is used 
to evaluate the robustness of the methodology and the degree of information that 
could be retrieved with the chosen parameters. From the given labels, it appears 
evident that the degree of granularity obtained after the second iteration using 
the chosen parameters only enables us to separate the papers into major research 
areas within the astro cluster.

The report of the black cluster, which spans the entire period of our analy-
sis, indicates that it is a representation of nuclear physics. The fact that it is the 
only cluster visible in the first decade of our analysis simply indicates that in this 
period, nuclear physics was the most quantitatively present in the co-citation 
networks. This outcome may be attributed to the rapid growth and consolidation 
of nuclear research using accelerators as a big-science field, where an increasing 
number of papers are frequently cited together to support large-scale scientific 
projects.29

The following period saw the progressive emergence of other fields; by emer-
gence we mean clusters becoming large enough to appear in the visualization, 

29	 For a seminal volume on the rise of big science underlying the role of nuclear physics in 
the post-World War II period, see Galison and Hevly 1992.
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with the rise of astrophysics and observational astronomy (red) as well as chemi-
cal physics and physical chemistry (blue) starting from the late 1950s. Keeping in 
mind that these clusters are retrieved in the second iteration after some clusters 
of the initial ADS co-citation network have already been excluded (because they 
were judged to be unrelated to astro cluster research areas), we might tentatively 
try to interpret these signals. The growth of astrophysics and observational as-
tronomy in Fig. 7 strictly correlates with the beginning of the space age, with all 
the implications this had for new technical possibilities for astronomical and as-
trophysical research, as well as the role of space-related sciences in the Cold War 
rivalry.30 Contrary to the red cluster, chemical physics and physical chemistry 
do not refer only to research that is relevant to astro cluster science, but instead 
covers a broader disciplinary area. The effect of the emergence of the red cluster 
during the same period might be related to more general transformations in re-
search funding, novel technologies, industrial applications, and the use of elec-
tronic computers to support calculation and modeling.

In the early 1960s, one sees the emergence of geosciences (dark green), which 
might be partially related to the increasing relevance of this discipline for matters 
related to Cold War issues, such as surveillance technologies in relation to the 
many efforts to increase the availability of data starting from the International 
Geophysical Year, with the creation of World Data Centers.31 One enigmatic 
cluster is the mustard colored one, which represents solid-state research last-
ing only from the early 1960s to the late 1970s. This is difficult to interpret, given 
the increasing relevance of this research area within the physics landscape.32 The 
most probable interpretation is that this cluster is simply a remnant of the exclu-
sion step performed after the first iteration, where a cluster identified as solid-
state physics was excluded from the analysis in the second iteration. The resulting 
small solid-state-physics-related cluster in Fig. 7 is mostly related to research on 
a subset of solid-state physics focusing on the electronic and structural properties 
of materials.

In the late 1960s, another cluster that rose to prominence is identifiable as the 
research area of space physics and solar-stellar interactions with a specific focus 
on space plasma physics (yellow). The emergence of the field during this period 
is related to a combination of historical factors: the new avenues that opened for 
research in the space race, with the first important discovery being the Van Allen 
radiation belts surrounding the Earth; and the declassification of thermonuclear 

30	 DeVorkin 2010.
31	 Turchetti and Roberts, eds., 2014; on World Data Centers, see Aronova 2017; the ERC 

AdG project NEWORLD@A: Negotiating World Research Data – A Science Diplomacy 
Study is currently working to uncover the historical role of World Data Centers in the 
development of the current system of global circulation of scientific research data.

32	 Martin 2019.
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fusion research in 1958, which resulted in the publication of a great number of 
influential papers on theoretical plasma physics by the early 1960s.33 Keeping in 
mind that the year is defined by the time the edges are created in the co-citation 
network, namely by the year of the citing article, Fig. 7 most probably shows the 
slightly delayed effects of the two major historical processes just outlined.

The 1970s are characterized by the emergence of a field that might be termed 
atmospheric physics (light green), which grew substantially in the following 
period. Even in this case it is possible to relate this effect in the visualization with 
a historical process related to the increase of environmental concerns, which had 
an important turning point in the early 1970s, as epitomized by the 1972 United 
Nations conference on Human Environment held in Stockholm.34

The big picture of the scientific evolution of research areas related to the astro 
cluster thus shows a further specialization in the 1980s with new clusters emerg-
ing: fluid dynamics (light blue), atomic molecular and optical physics (brown), 
and solar system science (dark red). While the dark red cluster is clearly part of 
the spectrum of research fields related to the astro cluster, the other two clusters 
are relevant to astro-cluster sciences but are broader in scope, encompassing two 
fields that extend beyond their direct connection to astrophysical research.

The most recent clusters shown in Fig. 7 are the pink cluster that explodes in 
the 1990s and the gray cluster that emerges in the early 2000s. The pink cluster 
groups together publications in theoretical physics that delve into extending and 
bridging currently accepted theories of fundamental interactions, such as the 
Standard Model of particle physics and the theory of general relativity. This in-
cludes research on string theory, quantum gravity, theoretical cosmology, and 
black hole theory. These are all fields that emerged as central after the Standard 
Model of particle physics became consolidated in the 1980s, and the visual ef-
fect may be related to development of string theory.35 The gray cluster is instead 
clearly related to particle detectors and instrumentation which, in the context of 
this research, is most likely related to the rise of what has been called astropar-
ticle physics, namely the field that studies particles from space and their inter-
action, which emerged as a research area in the early 2000s, in line with what is 
shown in the figure.36

After this iteration, it is clear that the methodology, while still unable to com-
pletely disentangle some broader research areas from those strictly connected to 

33	 On the role of the Cold War in the rise of space sciences, see, DeVorkin 1992.
34	 Weart 2003.
35	 Rickles 2014.
36	 Cirkel-Bartelt 2008, p. 2
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astro cluster sciences, provides a picture that aligns quite closely with the broad 
historical processes that historians have described using more traditional, qual-
itative approaches.

Temporal evolution of centrality measures

To address the question of the influence of single institutions like the Max Planck 
Society, we applied a second analytical step to the resulting cluster data. For this 
approach we considered different networks’ centrality measures and compared 
their values across time. The aim of this analytical step is to allow historians not 
only to interpret the retrieved clusters in their overall content but also to iden-
tify crucial actors in dynamical transformations within a given cluster. To further 
disentangle the clusters analyzed in the previous section and visible in Fig. 7, the 
workflow was iterated 3 more times. After each round, a number of clusters were 
selected to be excluded from the next round and the resolution parameter was 
adapted. Once a useful set of clusters was found we continued with the analytic 
workflow.

For the resulting dataset, we calculated the selected normalized centrality for 
the full co-citation graph of a given year and collected the results in a histogram 
with logarithmic binning. The value of a given bin is divided by the number of 
nodes in the given year. This gives the overall yearly distribution of centrality 
measures for all nodes. Subsequently, nodes from the selected cluster are iden-
tified in the calculated centrality values. Finally, a third selection is obtained by 

Fig. 7  Streamgraph of cluster size per year for the reduced co-citation network 
of the ADS corpus (1950–2004) after the second iteration. Data selected for 
clusters with more than 6000 publications. Field names are based on the inter-
pretation of cluster’s content represented in the reports by RL.
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identifying publications in the cluster with affiliations of the organization under 
investigation, which in our case study is the Max Planck Society. Since this identi-
fication was already part of the initial data gathering (Fig. 1), we can directly iden-
tify these nodes.

Having run these steps for a given year, we must repeat the process for all years 
within the timeframe of the analysis. Using the normalized approach for all se-
lected centrality measures allows a comparison of the histograms across the vast 
variety of publications and citations’ outputs for the years between 1950 and 
2004. The individual datasets are collected in CSV files. For the historical in-
terpretation of the results, the CSV files are read into Pandas DataFrames and 
plotted in 3D, as detailed below.

For a given centrality measure, three datasets are taken into consideration for 
each visualization: the overall histogram, the dataset concerning cluster nodes, 
and the dataset of institutional nodes. To show the position of the cluster and in-
stitution nodes, each data point for either the cluster or the institution is added 
to the value of the respective binned data of the full histogram. The overall cen-
trality measure is visualized as a 3D surface plot, with nodes belonging to the 
selected cluster shown as black dots, and nodes belonging to the targeted organ-
ization as red diamonds. This visualization allows us to compare the influence of 
the selected cluster on the overall dynamic of the centrality measure, thus high-
lighting the role of the selected organization in contributing to the centrality as 
well as the specific point in time.

Fig. 8 shows an example of this visualization for the betweenness centrality 
measures of a cluster obtained after 5 iterations of exclusion steps with time clus-
tering run with the resolution parameter 7 * 10−6 and an interslice coupling of 0.3, 
which was identified as high-energy astrophysics. The diagram shows an overall 
high degree of involvement for the Max Planck Society in the cluster, as well as 
its betweenness centrality measures, which can be interpreted as the role of the 
publications by the Max Planck Society’s authors as brokers between different re-
search strands within this large cluster. However, while the 3D plot reveals the ex-
istence of the cluster from the start of the research period in 1950 (black dots), 
the Max Planck Society only appears in the cluster from around 1980, when it 
started to play a substantial role in connecting it (red diamonds).

The routines for this second analytic step are automated to generate visuali-
zations for all selected clusters and the four centrality measures: authority, be-
tweenness, degree and closeness centrality. With this step we have completed the 
workflow, from a large, unsorted corpus of unclassified content to a structured 
view of the research fields related to the chosen case study, which allows us to an-
alyze the involvement of specific institutions in its genesis and historical devel-
opments.
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Conclusion and Outlook

The general methodology of the workflow proposed leads to meaningful clusters 
of three main types, depending on the selected resolution parameter. Some large 
clusters (approximately larger than 150k publications) clearly group publica-
tions concerning broad scientific fields, with many sub-specializations still part 
of the main cluster. This is the case for clusters related to, for example, solid state 
physics, quantum optics, superconducting physics and earth-system sciences. In 

Fig. 8  Normalized betweenness centrality histograms with logarithmic binning 
(10−5 − 100) for the full co-citation network (surface plot), publications in cluster 
high-energy astrophysics (black dots), and publications in that cluster with Max 
Planck Society affiliations (red diamonds) for the years 1950 to 2004. The z-axis 
shows the relative number of publications in the given bin.
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intermediate clusters (in the order of a few 10k publications) we find more meth-
odology-oriented clusters, e.g., on the topic of nuclear magnetic resonance or 
quantum dot research and technological development. Here, the initial cluster 
emerges with the introduction of the new technology and grows with later appli-
cations of it. A third type of even smaller cluster (less than 5k publications) seems 
to represent specific collaborations of persons or institutions around shared re-
search themes.

In each iteration, computing time and RAM usage are significantly decreased 
due to the controlled exclusion resulting from the decisions of the domain ex-
pert concerning non-astro related research fields. This allows for the creation of a 
clean corpus in a reasonable amount of time. In the later steps of the application 
of the workflow, a new parameter sweep concerning the clustering resolution pa-
rameter was necessary to separate the diverse subfields still contained within the 
largest cluster related to astro cluster sciences.

The corpus thus obtained with the already retrieved affiliation data allows 
us to return to the original research objective: for each subfield related to astro 
cluster sciences, the relative importance of publications by scientists from MPG 
institutes can be calculated separately using different centrality measures. The 
visualization output then reveals the structural role that the selected institution 
has had on the entire field. By using the case study of the Max Planck Society, 
we could then compare the results with those obtained through traditional ap-
proaches, usually finding supporting evidence.37 In addition to this, the cleaned 
corpora of specific subfields also allow us to address questions on the role of gen-
eral historical and political events.38

In future work, we will address the evolution of a wider range of subfields in 
physics, such as material and laser science, compare our results with previous 
analysis,39 and collaborate with experts in the history of medicine and earth-sys-
tem science to further elaborate the usability of the workflow for other, more in-
terdisciplinary research fields.

Another line of ongoing research concerns the application of large language 
models for the identification of cluster content, which in particular simplifies the 
search for suitable parameter settings for a given research question. Nonetheless, 
a full interpretation of the historical settings involved in the evolution of a scien-
tific field remains firmly in the capable hands of historians.

37	 Bonolis and Leon 2022.
38	 Borjas and Doran 2014.
39	 For instance, Sinatra et al. 2015.
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